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USING OBJECT RELATIONAL EXTENSIONS 
FOR MINING ASSOCIATION RULES 

PROVISIONAL APPLICATION 

This application claims the bene?t of US. Provisional 
Application No. 60/065,339, entitled “USING DB2’S 
OBJECT-RELATIONAL EXTENSIONS FOR MINING 
ASSOCIATION RULES,” ?led on Nov. 13, 1997, by Atul 
Chadha et al., attorney’s reference number ST9-97-127, 
Which is incorporated by reference herein. 

BACKGROUND OF THE INVENTION 

1. Field of the Invention 

This invention relates in general to computer imple 
mented data mining, and in particular to using object rela 
tional extensions for mining association rules. 

2. Description of Related Art 
There has been a rapid groWth in the automation of data 

collection procedures in the last decade. This has led to a 
vast groWth in the amount of usable data. Translating this 
usable data to useful information requires the use of a variety 
of data mining and knoWledge extraction techniques. 
Accompanying these developments has been the groWth of 
reliable, highly optimiZed relational database systems. As 
more and more data stores begin to rely on these database 
systems, the integration of the mining techniques With the 
database systems becomes desirable. HoWever, ef?cient 
utiliZation of database systems as mining engines requires 
some modi?cations to the relational database system and to 
data organiZation. 

Data mining is the process of ?nding interesting patterns 
in data. Data mining retrieves interesting data from a very 
large database, such as a database describing existing, past, 
or potential clients that may have thousands of attributes. A 
database is a set of records that are described by a set of 
attributes Which have values. 

Conventional data mining techniques do not Work Well on 
a database With a large number of attributes. In particular, 
most conventional data mining techniques only Work one 
data in memory. Therefore, if the data is so large that it must 
be stored other than in memory, the data mining techniques 
Will move data into memory to operate on the data, Which is 
inef?cient both in terms of memory usage and time. 

The successful automation of data collection and the 
groWth in the importance of information repositories have 
given rise to numerous data stores, ranging from those of 
large scienti?c organiZations, banks and insurance 
companies, to those of small stores and businesses. The 
abundance of data has required the use of innovative and 
intricate data Warehousing and data mining techniques to 
summariZe and make use of the data. 

There has been signi?cant activity in developing neW 
techniques for knoWledge extraction, Which is described 
further in G. Piatetsky-Shapiro and W. J. FraWley, Knowl 
edge Discovery in Databases, AAAI/MIT Press, 1991, 
Which is incorporated by reference herein. Some of the neW 
techniques are for classi?cation of data, Which is further 
described in S. M. Weiss and C. A. KulikoWski, Computer 
Systems that Learn: Classi?cation and Prediction Methods 
from Statistics, Neural Nets, Machine Learning and Expert 
Systems, Morgan-Kauftnann, 1991; R. AgraWal, S. Ghosh, 
T. Imielinski, B. Iyer, and A. SWami, An Interval Classi?er 
For Database MiningApplications, Proceedings of the 18th 
International Conference on Very Large Databases, pages 
560—573, August 1992; Which are incorporated by reference 
herein. 
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2 
Some of the neW techniques for knoWledge extraction are 

for clustering of data. T. Zhang, R. Ramakrishnan, and M. 
Livny, Birch,An E?icient Data Clustering Method For Very 
Large Databases, Proceedings of the 1996 ACM SIGMOD 
International Conference of Management of Data, 1996; R. 
T. Ng and J. Han, E?icientAnd Ejfective Clustering Methods 
For Spatial Data Mining, Proceedings of the 20th Interna 
tional Conference on Very Large Databases, 1994; A. K. Jain 
and R. C. Dubes, Techniques For Clustering Data, Prentice 
Hall, 1988; L. Kaufman and P. J. RousseeuW, Finding 
Groups In Data—An Introduction To Cluster Analysis, 
Wiley, 1990, Which are incorporated by reference herein. 
Some of the techniques for knoWledge extraction are for 

discovery of association rules, and association rules are 
derived from and used to represent frequently occurring 
patterns Within the database. R. AgraWal., T. Imielinski, and 
A. SWami, MiningAssociation Rules Between Sets Of Items 
In Large Databases, Proceedings of SIGMOD ’93, pages 
207—216, May 1993; R. AgraWal and R. Srikant, Fast 
Techniques For Mining Association Rules, Proceedings of 
the 20th International Conference on Very Large Databases, 
September 1994, [hereinafter “Fast Techniques For Mining 
Association Rules”]; M. Houtsma and A. SWami, Set 
Oriented Mining OfAssociation Rules, Technical Report RJ 
9567, IBM Almaden Research Center, October 1993, 
[hereinafter “Set-Oriented Mining of Association Rules”]; J. 
S. Park, M. S. Shen, and P. S. Yu, An Ejfective Hash Based 
Technique For Mining Association Rules, Proceedings of 
SIGMOD ’95, May 1995; R. AgraWal, H. Mannila, R. 
Srikant, H. Toivonen, and A. I. Verkamo, FastDiscovery Of 
Association Rules, Advances in Knowledge Discovery and 
Data Mining, AAAI/MIT Press, edited by U. M. Fayyad, G. 
Piatetsky-Shapiro, P. Smyth, and R. Uthurusamy, 1995; H. 
Toivonen, Sampling Large Databases For Association 
Rules, Proceedings of the 22nd International Conference on 
Very Large Databases; A. Savasere, E. Omiecinski, and S. 
Navathe, An E?icient Technique For Mining Association 
Rules In Large Databases, Proceedings of the 21 st Inter 
national Conference on Very Large Databases, September 
1995; H. Mannila, H. Toivonen, and A. I. Verkamo, Ejficient 
Techniques For Discovering Association Rules, Technical 
Report WS-94-03, American Association for Arti?cial 
Intelligence, 1994; R. Srikant and R. AgraWal, Mining 
Generalized Association Rules, Proceedings of the 21 st 
International Conference on Very Large Databases, Septem 
ber 1995; J. Han and Fu, Discovery Of Multiple-Level 
Association Rules From Large Databases, Proceedings of 
the 21st International Conference on Very Large Databases, 
September 1995; J. Han, Y. Cai, and N. Cercone, Data— 
Driven Discovery Of Quantitative Rules In Relational 
Databases, IEEE Transactions on KnoWledge and Data 
Engineering, Vol. 5(1), pages 29—40, 1993; R. Srikant and R. 
AgraWal, Mining Ouantitative Association Rules In Large 
Relational Tables, Proceedings of the 1996 ACM SIGMOD 
International Conference of Management of Data, 1996; T. 
Fukuda, Y. Morimoto, S. Morishita, and T. Tokuyama, 
Mining Optimized Association Rules For Numeric 
Attributes, Proceedings of the 1996 ACM Symposium on 
Principles of Database Systems, 1996; R. Miller and Y. 
Yang, Association Rules Over Interval Data, Proceedings of 
SIGMOD ’97, 1997; Which are incorporated by reference 
herein. 
Some of the techniques for knoWledge extraction are for 

sequential patterns. R. AgraWal and R. Srikant, Mining 
Sequential Patterns, Proceedings of the 11th International 
Conference on Data Engineering, March 1995, Which is 
incorporated by reference herein. Some of the techniques for 
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knowledge extraction are for similarities in ordered data. R. 
AgraWal, C. Faloutsos, and A. Swami, E?icient Similarity 
Search In Sequence Databases, 4th International Confer 
ence on Foundations of Data Organization and Techniques, 
October 1993; C. Faloutsos, M. Ranganathan, and Y. 
Manolopoulos, Fast Subsequence Matching In Time-Series 
Databases, Proceedings of SIGMOD ’94, May 1994; R. 
AgraWal, K. I. Lin, H. S. SaWhney, and K. Shim, Fast 
Similarity Search In The Presence Of Noise, Scaling And 
Translation In Time-Series Databases, Proceedings of the 
21st International Conference on Very Large Databases, 
September 1995; R. AgraWal, G. Psaila, E. L. Wimmers, and 
M. Zait, Querying Shapes Of Histories, Proceedings of the 
21st International Conference on Very Large Databases, 
September 1995; Which are incorporated by reference 
herein. 
Houtsma and SWami, in “Set-Oriented Mining of Asso 

ciation Rules”, had proposed SETM, an SQL based tech 
nique for association. Their technique uses simple database 
operations (e.g., sorting and merge-scan joins) for perform 
ing association. HoWever, their joins are more expensive as 
they are against the input data table and they do not have an 
ef?cient candidate set pruning such as the Apriori technique. 

The siZe and groWth of the data stores, matched by the 
groWing reliability and large-volume handling capability of 
relational database systems, has caused much of the data to 
be managed by these database systems. The enhancement of 
database systems for query optimiZations and paralleliZation 
and their Widening portability across a multitude of system 
architectures, has made the integration of data mining tech 
niques With the database system an attractive proposition. 
The integration of data mining applications and database 
systems, hoWever, requires appropriate data organiZation, 
some modi?cations and/or enhancements in the database 
systems, and either changes in or entirely neW data mining 
techniques. 
Avery important data mining application is “association” 

from a database performance perspective. An association 
rule is a grouping of attribute value pairs. The problem of 
mining for association rules Was introduced initially for 
market-basket analysis. In market-basket analysis, the asso 
ciation rules provided associations betWeen the set of items 
purchased together in a transaction. In general, an associa 
tion rule has the form A=>B, Where A and B are tWo disjoint 
sets of items. The association rule conveys that the occur 
rence of set A in a transaction implies that the set B also 
occurs in the same transaction. 

The term support is used to refer to the frequency of 
observation of such a rule in the data. Support of a rule is a 
measure of frequency of the rule, Which is de?ned as the 
ratio of transactions supporting the rule to the total number 
of transactions in the database, Where a transaction is a 
collection of attribute-value pairs. For example, for attribute 
value pairs attribute2-value2 and attribute5-value5, if these 
attribute value pairs occurred ?ve percent of the time in the 
database, then support of the rule is said to be ?ve percent. 

The term con?dence is used to refer to the fraction of 
transactions that contain A and also contain B. Thus, support 
is the joint probability for A and B to occur together in a 
transaction, and con?dence is the conditional probability for 
B to be found in a transaction given that Ais found in it. For 
the generation of such rules from data mining, the user 
provides the minimum required support and con?dence 
values. Then, all rules that have at least the minimum 
required support and con?dence are generated. 
Astudy of association shoWs that the physical data model 

used for the data input to the technique that generates 
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4 
association rules has a signi?cant impact on the performance 
of the technique. A common physical data model used in 
market-basket analysis, referred to as single-column or SC 
data model, is inef?cient When data resides in the database. 
For example, With the SC data model, a transaction involved 
the purchase of three items, then the SC data model Would 
represent the transaction in a table With three roWs, each roW 
identifying the transaction and one of the three items. There 
is a signi?cant performance degradation With the use of the 
SC data model to generate association rules because every 
item purchased in a transaction is represented by a single 
column. 

There is a need in the art for an improved technique for 
generating mining association rules With an improved data 
model. 

SUMMARY OF THE INVENTION 

To overcome the limitations in the prior art described 
above, and to overcome other limitations that Will become 
apparent upon reading and understanding the present 
speci?cation, the present invention discloses a method, 
apparatus, and article of manufacture for computer 
implemented use of object relational extensions for mining 
association rules. 

In accordance With the present invention, data mining is 
performed by a computer to retrieve data from a data store 
stored on a data storage device coupled to the computer. A 
multi-column data store organiZed using a multi-column 
data model is received. One of the columns in the multi 
column data store represents a transaction, and each of the 
remaining columns in the multi-column data store represents 
elements of that transaction. A combination operator is 
performed to obtain candidate itemsets of data from the 
multi-column data store, each itemset being a combination 
of a number of roWs of the multi-column data store. Large 
itemsets of data are generated from the candidate itemsets, 
Wherein each itemset has at least a minimum support. 
Association rules are generated from the large itemsets of 
data, Wherein each association rule has at least a minimum 
con?dence. 

BRIEF DESCRIPTION OF THE DRAWINGS 

FIG. 1 illustrates an exemplary computer hardWare envi 
ronment that could be used in accordance With the present 
invention; 

FIG. 2 is a How diagram illustrating the steps performed 
by the Data Mining System 124; 

FIG. 3 is a graph illustrating execution times for one set 
of experiments With a support of 0.01; 

FIG. 4 is a graph illustrating the distribution for the 
number of items per transaction; and 

FIG. 5 is a graph illustrating the time curves for the 
Intelligent Miner and the UDF implementations. 

DETAILED DESCRIPTION OF THE 
PREFERRED EMBODIMENT 

In the folloWing description of the preferred embodiment, 
reference is made to the accompanying draWings Which 
form a part hereof, and Which is shoWn by Way of illustration 
a speci?c embodiment in Which the invention may be 
practiced. It is to be understood that other embodiments may 
be utiliZed as structural changes may be made Without 
departing from the scope of the present invention. 

HardWare Environment 

FIG. 1 illustrates an exemplary computer hardWare envi 
ronment that could be used in accordance With the present 
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invention. In the exemplary environment, a computer system 
102 is comprised of one or more processors connected to one 
or more data storage devices 104 and 106 that store one or 
more relational databases, such as a ?xed or hard disk drive, 
a ?oppy disk drive, a CDROM drive, a tape drive, or other 
device. 

Operators of the computer system 102 use a standard 
operator interface 108, such as IMS/DB/DC®, CICS®, 
TSO®, AIX®, ODBC® or other similar interface, to trans 
mit electrical signals to and from the computer system 102 
that represent commands for performing various search and 
retrieval functions, termed queries, against the databases. In 
the present invention, these queries conform to the Struc 
tured Query Language (SQL) standard, and invoke functions 
performed by Relational DataBase Management System 
(RDBMS) softWare. 

The SQL interface has evolved into a standard language 
for RDBMS softWare and has been adopted as such by both 
the American National Standards Institute (ANSI) and the 
International Standards OrganiZation (ISO). The SQL inter 
face alloWs users to formulate relational operations on the 
tables either interactively, in batch ?les, or embedded in host 
languages, such as C and COBOL. SQL alloWs the user to 
manipulate the data. 

In the preferred embodiment of the present invention, the 
RDBMS softWare comprises the DB2® product offered by 
IBM for UDB (“Universal Database”) for the AIX® oper 
ating system. Those skilled in the art Will recogniZe, 
hoWever, that the present invention has application to any 
RDBMS softWare, Whether or not the RDBMS softWare 
uses SQL. 

As illustrated in FIG. 1, the DB2® system for UDB for 
the AIX® operating system includes three major compo 
nents: the Internal Resource Lock Manager (IRLM) 110, the 
Systems Services module 112, and the Database Services 
module 114. The IRLM 110 handles locking services for the 
DB2® system, Which treats data as a shared resource, 
thereby alloWing any number of users to access the same 
data simultaneously. Thus concurrency control is required to 
isolate users and to maintain data integrity. The Systems 
Services module 112 controls the overall DB2® execution 
environment, including managing log data sets 106, gather 
ing statistics, handling startup and shutdoWn, and providing 
management support. 

At the center of the DB2® system is the Database 
Services module 114. The Database Services module 114 
contains several submodules, including the Relational Data 
base System (RDS) 116, the Data Manager 118, the Buffer 
Manager 120, the Data Mining System 124, and other 
components 122 such as an SQL compiler/interpreter. These 
submodules support the functions of the SQL language, i.e. 
de?nition, access control, interpretation, compilation, data 
base retrieval, and update of user and system data. The Data 
Mining System 124 Works in conjunction With the other 
submodules to perform data mining. 

The present invention is generally implemented using 
SQL statements executed under the control of the Database 
Services module 114. The Database Services module 114 
retrieves or receives the SQL statements, Wherein the SQL 
statements are generally stored in a text ?le on the data 
storage devices 104 and 106 or are interactively entered into 
the computer system 102 by an operator sitting at a monitor 
126 via operator interface 108. The Database Services 
module 114 then derives or synthesiZes instructions from the 
SQL statements for execution by the computer system 102. 

Generally, the RDBMS softWare, the SQL statements, and 
the instructions derived therefrom, are all tangibly embodied 
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6 
in a computer-readable medium, eg one or more of the data 
storage devices 104 and 106. Moreover, the RDBMS 
softWare, the SQL statements, and the instructions derived 
therefrom, are all comprised of instructions Which, When 
read and executed by the computer system 102, causes the 
computer system 102 to perform the steps necessary to 
implement and/or use the present invention. Under control 
of an operating system, the RDBMS softWare, the SQL 
statements, and the instructions derived therefrom, may be 
loaded from the data storage devices 104 and 106 into a 
memory of the computer system 102 for use during actual 
operations. 

Thus, the present invention may be implemented as a 
method, apparatus, or article of manufacture using standard 
programming and/or engineering techniques to produce 
softWare, ?rmWare, hardWare, or any combination thereof. 
The term “article of manufacture” (or alternatively, “com 
puter program product”) as used herein is intended to 
encompass a computer program accessible from any 
computer-readable device, carrier, or media. Of course, 
those skilled in the art Will recogniZe many modi?cations 
may be made to this con?guration Without departing from 
the scope of the present invention. 

Those skilled in the art Will recogniZe that the exemplary 
environment illustrated in FIG. 1 is not intended to limit the 
present invention. Indeed, those skilled in the art Will 
recogniZe that other alternative hardWare environments may 
be used Without departing from the scope of the present 
invention. 

Using Object Relational Extensions For Mining 
Association Rules 

One embodiment of the present invention provides a Data 
Mining System 124. The Data Mining System 124 provides 
an alternate physical data model for association, referred to 
as a multi-column (MC) data model, that can considerably 
improve generation of association rules in a database. The 
Data Mining System 124 uses an object-relational extension 
of the database system (i.e., user-de?ned functions, or 
“UDFs”) to generate association rules in a MC data model. 
The folloWing discussion compares the performances 

betWeen the SC data model and the MC data model. One 
commercial implementation of association based on the 
Apriori technique is described in “Fast Techniques For 
Mining Association Rules” and supports the SC data model. 
The Data Mining System 124 is described as a UDF model 
of the Apriori technique that supports the MC data model. 
The experimental results indicate that there is a reduction of 
up to a factor of six in the execution times for the MC data 
model compared to the SC data model. 
The Data Mining System 124 has created a neW relational 

operator, Combinations, Which is used to implement the 
Apriori technique’s association With the MC data model. 
The Data Mining System 124 shoWs hoW the Combinations 
operator can be effectively used in SQL queries to perform 
the complete set of tasks in the Apriori technique. The Data 
Mining System 124 implements the Combinations operator 
using neW object-relational extensions of the DB2® system 
for UDB for the AIX® operating system. DB2 Universal 
Database (UDB), http://WWW.softWare.ibm.com/data/db2/, 
Web Document. 

Initial experiments indicate that the performance of the 
implementation of the Combinations operator is comparable 
to that of earlier pure memory based implementations of the 
Apriori technique. In a pure memory based implementation, 
all of the data for the technique is in memory for the 
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technique. While in a database implementation of the 
technique, the amount of data is typically so large that the 
data is stored in a database, requiring a number of I/O 
(input/output) operations to bring data into memory from a 
data storage device for manipulation. 

The physical data model used for data mining can have a 
signi?cant impact on the performance in databases. A multi 
column (MC) data model is preferable over the single 
column (SC) data model from a performance perspective. 
Enhanced object-relational extensions of the database sys 
tem are used to handle the MC data model. The MC data 
model, though applied in one embodiment of the invention 
to association, could be extended, in other embodiments of 
the invention, to any application that requires complete 
scans over the data residing in database tables. 

The Apriori Technique 

The Apriori technique proposed by AgraWal and Srikant, 
described in “Fast Techniques For Mining Association 
Rules”, provides an ef?cient method for generating associa 
tion rules. In general, the problem of generating association 
rules is subdivided into tWo tasks: 

1. Determine the sets of items that have support greater 
than or equal to the user-speci?ed minimum support (i.e., a 
support threshold). These sets of items are referred to as 
large itemsets. Determining large itemsets requires tWo 
elements: 

a) Acandidate-generation phase in Which a set of itemsets, 
called candidate itemsets, are chosen, such that each 
candidate itemset contains all potential large itemsets. 

b) A large-itemset generation phase in Which the support 
for the candidate itemsets are counted, and those can 
didate itemsets With support greater than or equal to the 
user-speci?ed minimum support qualify to become 
large itemsets. 

2. Generate association rules from the large itemsets. A 
large itemset L, With a non-empty subset S, gives rise to the 
rule S=>L—S if the ratio of the support of L to the support 
of S is greater than or equal to a user-speci?ed minimum 
con?dence (i.e., a con?dence threshold). 

Once the large itemsets are determined, the association 
rules can be generated in a straightforWard manner, Which is 
not very time consuming. The support counting task takes up 
the bulk of the time spent in processing and uses a large 
amount of memory. The Apriori technique obtains its ef? 
ciency by using potentially smaller candidate sets When 
counting the support for candidate itemsets to identify large 
itemsets. The Apriori technique uses the fact that, for a given 
support, all of the subsets of a large itemset need to be large 
itemsets themselves (i.e., all of the subsets of a large itemset 
must meet or exceed the support threshold). For example, if 
the set (A,B,C) Were to be a large itemset (i.e., it has at least 
the minimum support), then all of its subsets, (A), (B), (C), 
(A,B), (B,C) and (A,C), Would also have at least the mini 
mum support. 

The Apriori technique makes multiple passes over the 
input data to determine all of the association rules. For the 
folloWing discussion, let L, denote the set of large itemsets 
of siZe I and C, denote the set of candidate itemsets of siZe 
I. Before making the Ith pass, the Apriori technique gener 
ates C, (i.e., the candidate itemset), using L,_1 (i.e., the 
previous (I-l) large itemset). The candidate itemset genera 
tion process of the Apriori technique ensures that all of the 
subsets of siZe I-l of C, are all members of the set L,_1. In 
the Ith pass, the Apriori technique counts the support for all 
of the itemsets in C,. At the end of the pass, all of the 
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itemsets in C’, With a support greater than or equal to the 
minimum support form the large itemset L,. 

This method of pruning the C, set using L,_1 results in a 
much more ef?cient support counting phase for the Apriori 
technique When compared to the earlier techniques. In 
addition, the Apriori technique uses an ef?cient hash-tree 
implementation for the candidate itemsets. This makes the 
process of verifying Whether an itemset present in a trans 
action belongs in the candidate itemset or not very efficient. 
If the itemset belongs to the candidate itemset, its corre 
sponding support is incremented. 
As originally proposed, the Apriori technique uses its oWn 

data structures for measuring the support and does not use 
any SQL queries in its implementation. 

Physical Data Models For Association 

Although there have been signi?cant research efforts on 
association techniques, there has been no clear speci?cation 
for a physical data model for the input data. The data for 
association is typically organiZed in a schema of the form of 
a transaction identi?er and an item (Transactioniid, Itemi 
id), hereafter referred to as a SC data model. Consider the 
example of retail sales data. For the sales made to a customer 
at any one instance (i.e., referred to as a transaction), there 
Would be one entry for every item sold in the transaction. For 
example, for Transaction-1, if three items Were purchased, 
the SC data model Would shoW the folloWing: 

Transaction-1 Item-1 
Transaction-1 Item-2 
Transaction-1 Item-3 

Thus, With the (Transactioniid, Itemiid) schema, the 
Transactioniid value Would be repeated for every item 
bought in that transaction. 

The SC data model Would be useful for performing 
relational queries against such data. Some of the early Work 
in association, described in “Set-Oriented Mining of Asso 
ciation Rules”, propose the use of relational queries in the 
implementation of association Work With this data model. 
Further Work in association, described in “Fast Techniques 
For Mining Association Rules”, has shoWn a signi?cant 
performance improvement by using techniques that did not 
use relational queries in their implementation. HoWever, no 
change in the data model appears to have been proposed. 
Even commercial offerings of the later techniques have 
stayed With the SC data model. 

For the purpose of association, the Data Mining System 
124 proposes a data model of the form a transaction iden 
ti?er folloWed by each item associated With that transaction 
(Transactioniid, Itemfidl, ItemiidZ, . . . , ItemiidC). The 
Data Mining System 124 refers to this as the multiple 
column (MC) model. For example, for Transaction-1, if 
three items Were purchased, the MC data model Would shoW 
the folloWing: 

Transaction-1 Item-1 Item-2 Item-3 

If C is the average number of non-null items in a roW in 
the MC data model of the input data, the SC data model 
requires (C-l) times more roWs (albeit shorter ones) to be 
read in, for every pass over the table. 

In addition to analysis of market-basket data, association 
has been extended to provide rules for many other forms of 
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business data. Here, the data is quite often found organized 
in a schema of the form (RecordiId, Attributel, Attribute2, 
to AttributeC) in the MC data model. However, in order to 
perform association for even this kind of data, the data 
model is often changed to that of (RecordiId, Attribute), by 
pivoting the data about the values in RecordiId. The pivot 
operation incurs additional overhead both in terms of the 
CPU usage and signi?cant disk space usage. Both these 
overheads are eliminated by the Data Mining System 124, 
Which enables use of the MC data model With association 
rule generation. 

The “Combinations” Operator For Association 

The Data Mining System 124 proposes a neW operator, 
Combinations, for implementing the Apriori technique 
through SQL on data in a MC data model. The Combinations 
operator takes a set of items and a number I as input, and 
returns the different combinations of siZe I from the input set 
of items as roWs in a neW table. The items in a roW (i.e., the 
items in each itemset) are in lexicographic order. The result 
table has I number of columns. For example, for a roW in the 
input table that contains the items A, B, C and D, the output 
of the Combinations operator, invoked With I=2, Would be 
(A,B), (A,C), (A,D), (B,C), (B,D) and (C,D). In one 
embodiment, the Combinations operator could be imple 
mented as a table function of the DB2® system for UDB for 
the AIX® operating system. 

SQL Queries Using the “Combinations” Operator 
For Association 

The candidates generation phase makes use of the Com 
binations operator. The candidate generation phase can be 
implemented in SQL using the Combinations operator as 
folloWs (for generating candidates for itemsets of siZe I+1): 
INSERT INTO C,+1 
SELECT Ai1.item1, Ai1.item2, . . . ,Ai1.itemI, Ai2.itemI 

FROM L, Ai1, L, Ai2 
WHERE Ai1.item1=Ai2.item1 AND 

Ai1.item2=Ai2.item2 AND 

Ai1.itemI—1=Ai2.itemI-1 AND 
Ai1.itemI<Ai2.itemI AND 

(SELECT count(*) 
FROM L,, Combinations(Ai1.item1. . . , Ai1.itemI, 

Ai2.itemI, I) 
AS g 

WHERE L,.item1=g.item1 AND 
L,.itemI=g.itemI 

)=I+1 
Using the Combinations operator, the large itemset, L,, 

generation phase of iteration I of the Apriori technique can 
be reWritten as folloWs: 

INSERT INTO L, 

SELECT C.item1, . . . , C.itemI, count(*) 

FROM Data D, C, C, Combinations(D.item1, . . 
D.itemC, I) AS g 

' a 

WHERE C.item1=g.item1 AND . . . AND C.itemI= 

g.itemI 
GROUP BY (C.item1, C.item2 . . . , C.itemI) 

HAVING count(*)>=support 
Where C, denotes the candidates for groups of siZe I gener 
ated in the candidates generation phase for iteration I. For 
every itemset in L,, the value corresponding to its count 
gives the support for the itemset in the input data. 
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10 
The Data Mining System 124 implements the Combina 

tions operator using the object—relational extension, 
table—function. Like a UDF, the table—function is a user— 
de?ned method that can be used in SQL queries. The 
table—function returns a table to the query invoking it and 
is used in the FROM clause of an SQL query. This extension 
provides a highly ?exible table construction utility to be 
used along With SQL. 

Once all of the large itemsets are generated, the associa 
tion rules are generated from them. For every itemset S, in 
L,, the ratio of support of S, to the support of a subset S,_1 
in L, gives the con?dence for the rule S,_1=>(S,—S,_1). If 
this con?dence value exceeds the minimum con?dence, then 
the rule is considered a valid rule. 
The Data Mining System 124 again uses a modi?ed form 

of the Combinations operator to implement the association 
rule-generation With SQL. The modi?ed operator, 
Combinationsiplus, returns an input value, the support 
count, and the rest of the items in the input set, along With 
each of the combinations in the input set. The 
Combinationsiplus operator can be used to generate the 
association rules as folloWs: 

INSERT INTO R,_1 
SELECT g.item1, g.item2, , g.itemI, 

g.count/Bi_1.count 

FROM L,A.-, L,_1 Combinationsiplus(Al-.item1, . . . , A,.itemI, I—1, 

Ai.count) AS g 
WHERE g.item1=B,_1.item1 AND 

g.itemI—1=Bi_1.itemI—1 AND 
g.count/Bi_1.count>=minimum con?dence 

In the table R,_1, the ?rst I—1 columns are the rule-head, 
the Ith column is the consequent, and the last column is the 
con?dence factor for the rule. In particular, With the above 
query, the table R,_1, Would contain all rules of the form 
{head1, head2 . . . , headI-1}a consequent, Where 
head1 . . . headI-1 and consequent all are from the items in 

the input table for association. Thus, table R _1 has all the 
rules With I—1 items in the rule—head, a single item as the 
consequent, and the con?dence factor. Combinationsiplus 
is implemented as another table-function. 

FIG. 2 is a How diagram illustrating the steps performed 
by the Data Mining System 124. In Block 200, the Data 
Mining System 124 receives a multi-column data store 
organiZed using a multi-column data model. One of the 
columns in the multi-column data store represents a 
transaction, and each of the remaining columns in the 
multi-column data store represents elements of that trans 
action. In Block 202, the Data Mining System 124 performs 
a combination operator to obtain candidate itemsets of data 
from the multi-column data store, each itemset being a 
combination of a number of roWs of the multi-column data 
store. In Block 204, the Data Mining System 124 generates 
large itemsets of data from the candidate itemsets, Wherein 
each itemset has at least a minimum support. In Block 206, 
the Data Mining System 124 generates association rules 
from the large itemsets of data, Wherein each association 
rule has at least a minimum con?dence. 

EXAMPLE 

The folloWing discussion provides an example to better 
illustrate the Data Mining System 124. The Data Table 
provides input data, and the L1 Table provides large itemsets 
of siZe 1 and their counts. The minimum support is tWo (i.e., 
50%) in this example, and the minimum is 0.5. 



US 6,301,575 B1 

Data Table L1 Table R Table 

item1 item2 item1 count 5 head1 head2 con?dence 

A B A 3 A B 2/3 
A C B 3 B A 2/3 
A B C 2 
A B 

10 

In the candidate generation phase, the following SQL may 
be used with the Combinations operator to generate candi 
dates: 
INSERT INTO C2 
SELECT Ai1.item1, Ai2.item1 
FROM L1 Ail, L1 Ai2 
WHERE Ai1.item1<Ai1.item1 AND 

(SELECT count FROM L1, Combinations (Ai1.item1, Ai2.item1, 1) AS 
g 

WHERE L1.item1=g.item1 AND 
L1.item2=g.item2)=2 

The following table C2 provides the candidates generated 
from the SQL code above: 

C2 Table 

item1 item2 

A B 
A C 
B C 

In the large itemset generation phase, the following SQL 
may be used with the Combinations operator to generate 
large itemsets: 
INSERT INTO L2 
SELECT C.item1, C.item2, count(*) 
FROM Data D, C2 C, Combinations (D.item1, D.item2, 

2) AS g 
WHERE C.item1=g.item1 AND C.item2=g.item2 
GROUP BY (C.item1, C.item2) 
HAVING count (*)>=2 
The following table L2 provides the large itemsets gen 

erated from the SQL code above: 

L, Table 

item1 item2 count 

A B 2 

In the rule generation phase, the following SQL may be 
used with the Combinationsiplus operator to generate rules: 
INSERT INTO R1 
SELECT g.item1, g.item2, g.count/A1.count 
FROM L2 B2, L1 A1, 

Combinationsiplus (B2.item1, B2.item2, 1, B2 count) 
AS g 

WHERE g.item1=A1.item1 AND 
g.count/A1.count>=0.5 

The following table R1 provides the rules generated from 
the SQL code above: 
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OptimiZations For Performance 

In the large-itemset generation phase, using the Combi 
nations operator on all of the items in one row (i.e., all of the 
items in a transaction), could result in too many unwanted 
combinations being generated. These would be eliminated 
by the Join with the candidates table CI. However, perfor 
mance could be greatly enhanced if they were not even 
generated. In order to do this, the Data Mining System 124 
adds a new clause to the Combinations operator, an “in Set” 
clause. With the “in Set” clause, the Combinations operator 
generates combinations of only those items in the input set 
which are present in the set identi?ed by the “in Set” clause. 
Incorporating the “in Set” clause into a table-function is 
done by passing the “in Set” clause through a pointer to a 
hash table containing all of the items in C,. This is a 
relatively small set, and the memory management for this is 
trivial, compared to maintaining all of the candidate sets in 
memory. 

In the candidates generation phase, the Data Mining 
System 124 can again use LH-tems (i.e., a subset of the set of 
items in L1) in place of L, (i.e., the set of items in the large 
itemset). L me,“ is a subset of L, that becomes much smaller 
as I increases. Using a subset of the large itemset reduces the 
number of invocations of the Combinations operator for 
determining the candidates itemset. 
The ?rst set of experiments performed with the table 

function implementation yielded execution times that are 
between two to six times that of the UDF (in-memory) 
implementation of the Apriori technique. FIG. 3 contains a 
graph 300 illustrating the execution times for one set of these 
experiments with a support of 0.01. The graph 300 has a 
horiZontal axis representing the number of transactions 302 
and a vertical axis representing the time in seconds 304. 
Graph line 306 represents the results of the table function 
implementation, and graph line 308 represents the results of 
the UDF (in-memory) implementation. This set of experi 
ments were run on a DB2® system for the UDB for the 
AIX® operating system version with 256 MB memory. 
An optimiZation of the Data Mining System 124 can 

approximate the performance of that of UDF (in-memory) 
implementation of the Apriori technique. Currently in the 
execution, when generating the large itemset table, the 
output of the Combinations operator is created as a tempo 
rary table in the database and then joined with the candidates 
table. The Data Mining System 124, as optimized, avoids 
generating this temporary table, but directly increments the 
counts for the candidate sets (i.e., entries in the candidates 
table) when the table function outputs a suitable row (i.e., 
one that has a corresponding candidate table entry), and, 
thus, enhances the performance signi?cantly. 
Meo et. al. had proposed a SQL-like operator for mining 

association rules. R. Meo, G. Psaila, and S. Ceri, A New 
SQL-Like Operator For MiningAssociation Rules, Proceed 
ings of the 22nd International Conference on Very Large 
Databases, 1996, which is incorporated by reference herein. 
Their work focused on providing a unifying model for the 
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description of association rules, as opposed to an implemen 
tation of association using the database engine that the Data 
Mining System 124 provides. 

Lakshmanan et. al. and Gyssens et. al have provided 
extensions to SQL to perform uniform manipulations of data 
and meta-data in multi-database systems. L.V.S. 
Lakshmanan, F. Sadri, and I. N. Subramanian, 
Schemasql—A Language For Interoperability In Relational 
Multi-Database Systems, Proceedings of the 22nd Interna 
tional Conference on Very Large Databases, 1996; M. 
Gyssens, L. V. S. Lakshmanan, and I. N. Subramanian, 
Tables As A Paradigm For Querying Ana' Restructuring, 
Proceedings of the 1996 ACM Symposium on Principles of 
Database Systems, June 1996; Which are incorporated by 
reference herein. In order to provide this, they support 
queries over various kinds of data organiZations. This Would 
facilitate the creation of operators that can act on roW-data 
or data in the MC data model. The Combinations operator 
could be expressed as a query in their SchemaSQL language. 

Comparison Of The MC Data Model And The SC 
Data Model 

The Data Mining System 124 uses a simpli?ed table-scan 
cost model to illustrate the bene?t of the MC data model. 
Consider a table With R Transactioniids, each one involv 
ing C number of items on the average. For the CPU costs for 
accessing the input data table, let tR denote the time asso 
ciated With a roW access for concurrency control, page-?x, 
etc. and let tC denote the CPU time required for a single 
column access. Then the CPU costs associated With both the 
models are as folloWs: 

The cost difference comes out to the folloWing: 

CPUiCOSTSC—CPUiCOSTMC=R*tR*(C-l) 

Thus, the Data Mining System 124 shoWs that the CPU 
cost difference betWeen the SC data model and the MC data 
model is equal to the (number of transactions) times the 
(time for roW access) times (one less than the number of 
items). Thus, the CPU cost difference increases as the 
number of roWs in the table increases and also as the average 
number of items in a transaction groWs. That is, the SC data 
model gets more expensive based on these factors. 

The U0 cost is proportional to the volume of data 
obtained for both models. Let Sh denote the siZe of the 
header associated With each roW in the database table, Si 
denote the number of bytes per item, and St denote the siZe 
of the transaction identi?er. In the case of the MC data 
model, since the items are already grouped by transaction 
identi?er in each roW, the transaction identi?ers need not be 
scanned in the database. HoWever, for the SC data model, 
since the grouping by transaction identi?er has to be done, 
the transaction identi?er values also need to be scanned in 
from the database. The volume of data obtained for the 
models is as folloWs: 

The volume difference comes out to the folloWing: 

VO1SC-VO1MC=R* (Sh*(C-1)+S,*C) 

The volume difference is the (number of transaction 
identi?ers) times ((the siZe of a header of a roW) times (one 
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14 
less than the number of items in a transaction) plus (the siZe 
of the transaction identi?er times the number of items). 
Here, the Data Mining System 124 shoWs that the I/O cost 
difference also increases With an increase in the number of 
roWs and With an increase in the average number of items in 
a transaction. 

In the above models, the cost for handling the null entries 
in the MC data model Was ignored. If tn is considered the 
CPU cost for processing a null item, the Data Mining 
System 124 obtains the condition (N—C)/(C—1) i tR/tn for the 
SC data model to have a higher CPU cost. Similarly, if Sn is 
considered to be the siZe of the null indicator, for the I/O cost 
of the SC data model to be greater than the I/O cost of the 
MC data model, the Data Mining System 124 gets the 
condition (Sh*(C—1)+St* C)>Sn*N. As long as the value of N 
is appropriately chosen (relative to C), these conditions 
Would hold for most databases. 

The performance of tWo implementations for association 
are compared, one Working With the SC data model and the 
other With the MC data model for the input database table. 
Both the implementations are based on the Apriori tech 
nique. The Apriori technique Was chosen because it does not 
require the use of relational operations in its 
implementation, and, thus, can operate Without the SC data 
model. Also, the Apriori technique is a Widely used point of 
comparison for various studies on association. In addition, 
the Apriori technique is the technique of choice for the 
commercial implementation of association in IBM’s Intel 
ligent Miner (IM) Data Mining Suite. IBM Intelligent Miner, 
http//WWW.softWare.ibm.com/data/intelli-mine/, Web Docu 
ment. 

The Data Mining System 124 modi?es the optimiZed 
Intelligent Miner implementation of the Apriori technique 
for the SC data model. For the MC data model, the Data 
Mining System 124 uses one of the object-relational exten 
sions for the DB2® system, called user-de?ned functions 
(UDFs), Which are further described in D. Chamberlin, 
Using The New DBZ-IBM’s Object-Relational Database 
System, Morgan Kaufmann, 1996, Which is incorporated by 
reference herein. A UDF is a user-de?ned method that 
provides an application program the means to perform 
computation on retrieved records inside the database system. 
In one implementation, every roW of data is passed from the 
MC data model table to the UDF function. All of the 
computations and generation of rules is done by the code 
inside the UDF. 
The UDFs in the DB2® system can be run in tWo modes, 

either fenced or unfenced. In the unfenced mode, the UDFs 
share the database’s address space, avoiding the overhead of 
sWitching from the database’s address space to the applica 
tion’s address space, When data is obtained from the data 
base to the application. In the fenced mode, the UDFs run in 
the application’s address space, Which is distinct from the 
database’s address space. AgraWal and Shim have shoWn the 
bene?t to be obtained by running UDFs in the unfenced 
mode. R. AgraWal and K. Shim, Developing Tightly 
Couplea' Data Mining Applications On A Relational Data 
base System, Proceedings of the 2nd International Confer 
ence on Knowledge Discovery in Databases and Data 
Mining, August 1996, [hereinafter “Developing Tightly 
Coupled Data Mining Applications On A Relational Data 
base System”], Which is incorporated by reference herein. 
Experiments Were conducted With UDFs running in the 
fenced mode, to provide the same environment for the 
current implementation as for the Intelligent Miner imple 
mentation of the Apriori technique, in Which all of the 
computations are performed in the application’s address 
space. 



US 6,301,575 B1 
15 

AgraWal and Shim, in “Developing Tightly-Coupled Data 
Mining Applications On A Relational Database System”, 
have shoWn the bene?t of using UDFs for the development 
of applications tightly coupled With the database engine. 
Their focus in using the UDF for association, hoWever, Was 
not for its use With the MC data model. 

Tests Were also performed With a UDF implementation 
for the SC data model, and the UDF implementation for the 
SC data model Was up to a factor of 2—3 times sloWer than 
the highly optimiZed Intelligent Miner implementation of 
the SC data model. Hence, the Data Mining System 124 uses 
Intelligent Miner’s implementation as representative of the 
SC data model. The data structures and the computation 
modules are quite similar for both the Intelligent Miner and 
UDF implementations. The only difference lies in the extrac 
tion of data from the database. The Intelligent Miner obtains 
the data from a table With data in the SC data model, and the 
UDF obtains the data from a table in the MC data model. 

The experiments Were conducted on an IBM PoWerSta 
tion 590, that has a 66 MhZ PoWer2 processor With 512 MB 
memory, With a 1.07 GB serial-link disk drive. The mining 
data Was draWn from sales data of a retail store chain, With 
transactions draWn over various periods of time. The data 
has an average of 12 items per sale (i.e., the SC data model 
has about 12 times the number of roWs as the MC data 
model). The UDF implementation for the MC data model 
supported a maximum of 60 items per transaction, and the 
input data under both the SC and MC data models Were 
identical. 

FIG. 4 is a graph 400 illustrating the distribution for the 
number of items per transaction. The graph 400 has a 
horiZontal axis representing the number of items per trans 
actions 402 and a vertical axis representing the number of 
transactions 404. Graph curve 406 represents the distribu 
tion. From FIG. 4, it can be seen that there are only a 
negligible number of transactions that have more than 60 
items per transaction. The experiments Were run, varying the 
total number of transactions from 100K—400K, to verify the 
performance characteristics over a range of input siZes. 

FIG. 5 is a graph 500 illustrating the time curves for the 
Intelligent Miner using a SC data model and the UDF 
implementation using a MC data model. The graph 500 has 
a horiZontal axis representing the number of transactions 
502 and a vertical axis representing the time in seconds 504. 
Graph line 506 represents the results for the Intelligent 
Miner, and graph line 508 represents the results of the UDF 
implementation. The ratio of the association time for the 
Intelligent Miner to the UDF implementation time varies 
betWeen 4.8 to 6. This factor, signi?cant even for single runs, 
becomes very important When repeated association runs 
need to be performed over the input data, With varying 
support and con?dence. The results, clearly indicate the 
superiority of the MC data model over the SC data model for 
database tables used as input for association. 

FIG. 5 also shoWs the execution times for the pivot 
operation When original data is available in the MC data 
model and needs to be converted to the SC data model for 
the SC data model implementation. The sum of the pivot and 
Intelligent Miner association times gives the total associa 
tion time for the SC data model, When the original input data 
is in the MC data model. In such a situation, the ratio of the 
total Intelligent Miner time (i.e., pivot time summed With 
association time) to the total UDF time When input data is in 
the MC data model varies from 14 to 15.7. Thus, When the 
input data is in the MC data model, as is the case With much 
of non-market-basket data, there is more than an order of 
magnitude improvement With the UDF implementation. The 
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ratio of just the association times indicates that it is prefer 
able to have the input data in the MC data model for 
performing association. 

Summary of Disclosure 

The Data Mining System 124 has shoWn that the MC data 
model is the better physical data model, as compared to the 
SC data model, for association. The results shoW that 
signi?cant performance improvement can be obtained for 
the MC data model. The Data Mining System 124 has also 
provided the operator (“Combinations”) necessary for per 
forming SQL-query based implementation of the Apriori 
technique over the MC data model. The initial experiments 
With the implementation of the Combinations operator using 
the table-function object-relational extension yields perfor 
mance comparable to that of Intelligent Miner. This provides 
a convenient method for performing association in the 
database engine using the optimiZation and paralleliZation in 
the database system for the bene?t of the application. It also 
provides a scalable implementation, Which is not memory 
bound, for the Apriori technique. 

The Data Mining System 124 provides careful attention to 
the data model and access pattern and provides suitable 
extensions to the relational database system to meet the neW 
requirements of data mining applications. 

Conclusion 

This concludes the description of the preferred embodi 
ment of the invention. The folloWing describes some alter 
native embodiments for accomplishing the present inven 
tion. For example, any type of computer, such as a 
mainframe, minicomputer, or personal computer, or com 
puter con?guration, such as a timesharing mainframe, local 
area netWork, or standalone personal computer, could be 
used With the present invention. 

The foregoing description of the preferred embodiment of 
the invention has been presented for the purposes of illus 
tration and description. It is not intended to be exhaustive or 
to limit the invention to the precise form disclosed. Many 
modi?cations and variations are possible in light of the 
above teaching. It is intended that the scope of the invention 
be limited not by this detailed description, but rather by the 
claims appended hereto. 
We claim: 
1. A method of data mining in a computer, the data mining 

being performed by the computer to retrieve data from a data 
store stored on a data storage device coupled to the 
computer, the method comprising the steps of. 

receiving a multi-column data store organiZed using a 
multi-column data model, Wherein one of the columns 
in the multi-column data store represents a transaction 
and each of the remaining columns in the multi-column 
data store represents items of that transaction; 

performing a combination operator in a relational data 
base management system to obtain candidate itemsets 
of data from the multi-column data store, each itemset 
being a combination of a number of roWs of the 
multi-column data store; 

generating large itemsets of data from the candidate 
itemsets, Wherein each itemset has at least a minimum 
support; and 

generating association rules from the large itemset of data, 
Wherein each association rule has at least a minimum 
con?dence. 

2. The method of claim 1, Wherein the combination 
operator receives the multi-column data store and itemset 
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number, further comprising the step of performing the 
combination operation to generate an itemset number of 
combination itemsets. 

3. The method of claim 2, Wherein the combination 
operator returns an input value, the support count, the 
remaining items in the input set, and combination itemsets. 

4. The method of claim 2, Wherein the combination 
operator generates combination itemsets of only those items 
in the input set that are also in another, speci?ed set. 

5. The method of claim 1, Wherein the step of generating 
large itemsets further comprises the step of performing the 
combinations operator. 

6. The method of claim 1, Wherein the step of generating 
association rules further comprises the step of performing a 
neW combinations operator. 

7. The method of claim 1, Wherein support is a measure 
of frequency of the association rule, Which is de?ned as the 
ratio of transactions supporting the association rule to a total 
number of transactions. 

8. The method of claim 1, Wherein con?dence is a 
conditional probability for a ?rst element to be found in a 
transaction given that a second element is found in the 
transaction. 

9. An apparatus for data mining, comprising: 
a computer having a memory and a data storage device 

coupled thereto, Wherein the data storage device stores 
a data store; 

one or more computer programs, performed by the 
computer, for receiving a multi-column data store orga 
niZed using a multi-column data model, Wherein one of 
the columns in the multi-column data store represents 
a transaction and each of the remaining columns in the 
multi-column data store represents items of that 
transaction, for performing a combination operator in a 
relational database management system to obtain can 
didate itemsets of data from the multi-column data 
store, each itemset being a combination of a number of 
roWs of the multi-column data store, for generating 
large itemsets of data from the candidate itemsets, 
Wherein each itemset has at least a minimum support, 
and for generating association rules from the large 
itemset of data, Wherein each association rule has at 
least a minimum con?dence. 

10. The apparatus of claim 9, Wherein the combination 
operator receives the multi-column data store and itemset 
number, further comprising means for performing the com 
bination operation to generate an itemset number of com 
bination itemsets. 

11. The apparatus of claim 10, Wherein the combination 
operator returns an input value, the support count, the 
remaining items in the input set, and combination itemsets. 

12. The apparatus of claim 10, Wherein the combination 
operator generates combination itemsets of only those items 
in the input set that are also in another, speci?ed set. 

13. The apparatus of claim 9, Wherein the means for 
generating large itemsets further comprises the means for 
performing the combinations operator. 

14. The apparatus of claim 9, Wherein the means for 
generating association rules further comprises the means for 
performing a neW combinations operator. 
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15. The apparatus of claim 9, Wherein support is a 

measure of frequency of the association rule, Which is 
de?ned as the ratio of transactions supporting the association 
rule to a total number of transactions. 

16. The apparatus of claim 9, Wherein con?dence is a 
conditional probability for a ?rst element to be found in a 
transaction given that a second element is found in the 
transaction. 

17. An article of manufacture comprising a program 
storage medium readable by a computer and embodying one 
or more instructions executable by the computer to perform 
method steps for data mining, the data mining being per 
formed by the computer to retrieve data from a data store 
stored on a data storage device coupled to the computer, the 
method comprising the steps of: 

receiving a multi-column data store organiZed using a 
multi-column data model, Wherein one of the columns 
in the multi-column data store represents a transaction 
and each of the remaining columns in the multi-column 
data store represents items of that transaction; 

performing a combination operator in a relational data 
base management system to obtain candidate itemsets 
of data from the multi-column data store, each itemset 
being a combination of a number of roWs of the 
multi-column data store; 

generating large itemsets of data from the candidate 
itemsets, Wherein each itemset has at least a minimum 
support; and 

generating association rules from the large itemset of data, 
Wherein each association rule has at least a minimum 
con?dence. 

18. The article of manufacture of claim 17, Wherein the 
combination operator receives the multi-column data store 
and itemset number, further comprising the step of perform 
ing the combination operation to generate an itemset number 
of combination itemsets. 

19. The article of manufacture of claim 18, Wherein the 
combination operator returns an input value, the support 
count, the remaining items in the input set, and combination 
itemsets. 

20. The article of manufacture of claim 18, Wherein the 
combination operator generates combination itemsets of 
only those items in the input set that are also in another, 
speci?ed set. 

21. The article of manufacture of claim 17, Wherein the 
step of generating large itemsets further comprises the step 
of performing the combinations operator. 

22. The article of manufacture of claim 17, Wherein the 
step of generating association rules further comprises the 
step of performing a neW combinations operator. 

23. The article of manufacture of claim 17, Wherein 
support is a measure of frequency of the association rule, 
Which is de?ned as the ratio of transactions supporting the 
association rule to a total number of transactions. 

24. The article of manufacture of claim 17, Wherein 
con?dence is a conditional probability for a ?rst element to 
be found in a transaction given that a second element is 
found in the transaction. 


